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Abstract

A new method called quantum topological molecular similarity (QTMS) was fairly recently proposed [J. Chem. Inf. Comp. Sc., 41, 2001,
764] to construct a variety of medicinal, ecological and physical organic QSAR/QSPRs. QTMS method uses quantum chemical topology (QCT)
to define electronic descriptors drawn from modern ab initio wave functions of geometry-optimised molecules. It was shown that the current
abundance of computing power can be utilised to inject realistic descriptors into QSAR/QSPRs. In this article we study seven datasets of med-
icinal interest [1]: the dissociation constants (pKa) for a set of substituted imidazolines [2], the pKa of imidazoles [3], the ability of a set of indole
derivatives to displace [3H] flunitrazepam from binding to bovine cortical membranes [4], the influenza inhibition constants for a set of benzi-
midazoles [5], the interaction constants for a set of amides and the enzyme liver alcohol dehydrogenase [6], the natriuretic activity of sulphona-
mide carbonic anhydrase inhibitors and [7] the toxicity of a series of benzyl alcohols. A partial least square analysis in conjunction with a genetic
algorithm delivered excellent models. They are also able to highlight the active site, of the ligand or the molecule whose structure determines the
activity. The advantages and limitations of QTMS are discussed.
© 2006 Elsevier SAS. All rights reserved.

Keywords: Ab initio; PLS; pKa; QSAR; QSPR; Electron density; Topology; Atoms in molecules; Quantum chemical topology
1. Introduction

Many biochemical and physicochemical properties are suc-
cessfully predicted by descriptors drawn from quantum chem-
istry [1,2]. A number of recent examples support this assertion.
For instance, TAE (transferable atom equivalent) [3,4] elec-
tron-density-based descriptors were used for the prediction [5]
of protein retention times in anion-exchange chromatography
systems and the a priori prediction of protein adsorption beha-
viour [6], molecular orbital indices enabled the forecast of mu-
tagenic activity of furanones [7], atomic charges featured as
descriptors in the prediction of log(1/IC50) values of nifedipine
analogues [8], EEM [9] -derived descriptors generated struc-
ture–activity relationships for the prediction of metabolism by
human UDP-glucuronosyltransferase isoforms [10], minimum
molecular surface local ionisation energies correlated to the
pKa of substituted anilines [11], ab initio wave functions were
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used in the prediction of intestinal drug permeability [12],
Hartree–Fock derived dipole moments played a part in the clas-
sification of aroma compounds [13], electrostatic potentials
contributed to a docking study of the CCR2 receptor [14], fron-
tier molecular orbitals of flavones aided in the rationalisation of
a plausible binding to GABA receptors [15], structure–property
relationships between Hammett σ constants and momentum
space quantities were set up [16], and molecular quantum simi-
larity measures were successfully used in numerous studies
[17,18], with extension to fragment-based quantum similarity
measures [19]. This handful of examples already gives an idea
of the wide range of activities and properties profiting from a
considerable variety of quantum chemical descriptors.

One straightforward quantum mechanical entity that seems
to have been overlooked as a descriptor in its own right is the
geometry-optimised bond length. Of course, several research
groups take geometry-optimised molecules (local minima in
the potential energy surface) as a starting point for subsequent
analysis. However, the actual bond lengths themselves do not
feature as descriptors. For the last decade computers have been
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Table 1
Survey of the analysed data sets

no Data set n a Activity Reference
1 Imidazolines 23 Dissociation (pKa) [65]
2 Imidazoles 15 Dissociation (pKa) [69]
3 Indoles 23 Displace [3H] flunitrazepam

from binding to cortical
membranes

[70]

4 Benzimidazoles 15 Influenza inhibition constants [76]
5 Amides 17 Inhibition of liver alcohol

dehydrogenase
[77]

6 Sulphonamides 19 Inhibition of carbonic
anhydrase

[78]

7 Chlorophenols 14 Toxicity to submitochondrial
particles

[79]

a Number of molecules in the set.
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powerful enough to optimise molecules up to a molar mass of
500 g mol–1 by semi-empirical methods such as AM1. More
recently, such molecules can be routinely optimised at (still
modest but reasonable) ab initio levels of theory (such as
HF/3-21G and HF/6-31G*). Recently, work [20] carried out
in our group showed that optimised bond lengths are effective
in predicting the corticosteroid-binding globulin (CBG) bind-
ing activity of the classic steroid data set of Cramer et al. [21],
and in predicting the antibacterial activity of nitrofuran deriva-
tives. Using partial least squares (PLS) in conjunction with a
genetic algorithm (GA) it proved fruitful to set up a QSAR that
applied (optimised) bond lengths as descriptors. Although a
simple finding, the indirect path that led to it involved a theory
adequately called [22] quantum chemical topology (QCT) [23–
26]. Other than being a generalisation of quantum mechanics to
subspaces [27–29] QCT is widely appreciated as a theory that
extracts chemical insight from sufficiently accurate wave func-
tions, as can be seen from two recent reports on hundreds of
papers by research groups using QCT [30,31].

As explained in more detail in the Section 2, QCT defines
special points in the total molecular electron density, character-
ising bonds. As such, QCT offers a well-defined mathematical
procedure to represent a molecule by a discrete “quantum fin-
gerprint”, consisting of a string of numbers. Because of their
compactness, these fingerprints allow a rapid comparison be-
tween molecules, and hence form the basis for measures of
similarity. The notion of QCT descriptors (details in Section
2) was first proposed (32) in 1999, in the context of QSAR/
QSPR. This work showed that it was not necessary to compare
complete electron densities of benzoic acids in order to predict
their acidity. Instead, quantum mechanical properties evaluated
at specific points in space, as prescribed by QCT, sufficed.

Soon after, the QCT descriptors were used in a supervised
context, and delivered a set of QSARs of medicinal [20,33,34]
and ecological [35–38] interest and QSPRs [36,39–42]. Evi-
dence has been accumulated that QCT descriptors are selec-
tively capturing electronic effects, which renders them in a
good position to replace Hammett constants [42,43] (including
σ+ and σ–). An important advantage is that QCT descriptors are
always available even for functional groups for which Ham-
mett constants are lacking. In fact, according to an extensive
study [44], only 63 of the 100 common substituents taken from
the logpstar database had measured Hammett sigma constants.

Surely, QCT descriptors can be combined with log P and
steric parameters, which constitute the two remaining types of
descriptors. Although we do not expand on this here, one can
imagine applications where it is relevant to know if the mea-
sured activity is actually electronic in nature. QCT descriptors
can unambiguously decide on this matter since they do not
give rise to a good QSAR model if either log P or steric effects
alone are governing the activity in question.

The aim of this article is to demonstrate the application
range (or “action radius”) of QCT descriptors. For many of
the seven investigated data sets improved regression statistics
emerged compared to other methods such as CoMFA, electro-
topological indices [45,46] and quantum molecular similarity
indices.

An interesting feature of the current method is that it is able
to localise a part in the molecule where the chemical change
associated with the observed activity actually happens. For ex-
ample, the O–H bond is highlighted [36] as the “active site” in
the deprotonation of carboxylic acids if their acidity is taken as
the observed data. Obviously here we recover what is expected
but in the case of the antitumour activity of phenylbutenones
the active site analysis confirmed [33] an earlier hypothesis
that these compounds act via a Michael addition. In another
case [34], in the context of mutagenic activity, this type of
analysis (details see next section) suggested a preferred me-
chanistic pathway for the initial hydroxylation of dimethyl het-
eroaromatic triazenes, an issue that had remained ambiguous.
In this work, we continue to explore the use the active site
analysis and contrast it with literature results.

2. Methods and materials

2.1. Data sets

All activity data were sampled from the literature and re-
peated for convenience in the Annex A. Table 1 summarises
the seven datasets subject to the current method. The smallest
number of compounds is 14 and the largest 23, totalling 126
molecules over all sets. The sets have been selected on the
grounds that electronic descriptors feature strongly (over steric
parameters and log P), and that we can compare with the re-
sults of alternative methods. We have performed analyses on
several sets of compounds where the mechanism is relatively
well known, or at least the factors considered important for the
mode of action have been delineated.

2.2. Quantum chemical topology

Molecular electron densities contain special points where
the gradient of the electron density, denoted by ∇ρ, vanishes.
They are called critical points. There are four types of them,
depending on the nature of the curvature of ρ in their vicinity.
One type of critical point is of relevance for this work. It is
called a bond critical point (BCP) since it appears in between
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two nuclei that are bonded (for a more precise description and
discussion see [47]). BCPs can be efficiently located by a spe-
cial algorithm [48,49]. Certain functions evaluated at a given
BCP characterise the corresponding bond. We have used four
such functions, namely, the electron density, the ellipticity, the
Laplacian of the electron density, and the kinetic energy den-
sity K(r). Before describing them in turn, the curvature of the
electron density around a BCP needs to be clarified. The Hes-
sian matrix contains this information. It is a symmetric three-
by-three matrix containing second derivatives as elements, that
is ∂2ρ/∂qi∂qj, where q can be x, y or z. Two eigenvalues of the
Hessian, denoted by λ1 and λ2, are negative and measure the
curvature perpendicular to the bond. The positive eigenvalue,
λ3, measures the curvature along the bond.

The electron density at the BCP, ρb, can be related to bond
order via an exponential relationship [50]. Although initially
proposed for carbon–carbon bonds this interpretation was ex-
tended [51] for a wide variety of bonds via a linear relationship
of the type a + bρb + cλ3 + d(λ1 + λ2), where a, b, c and d are
fitted parameters. In that work [51], ρb and λ3 were interpreted
as measures of σ character, whilst (λ1 + λ2) measured the de-
gree of π character. For the latter we employ an alternative
measure here, called the ellipticity and defined as ε = (λ1/λ2)
– 1. In a more general context the ellipticity is a measure of
structural stability [52] but it has traditionally been used as a
measure of π character in homopolar bonds. In spite of its var-
iation along polar bonds [53] it can safely be used when eval-
uated at the BCP because of the small changes in its position
for a given bond going from one substituted compound to an-
other. The third function is the Laplacian, ∇2ρ, which can be
defined as λ1 + λ2 + λ3. If negative, it indicates that electronic
charge is locally concentrated. Often it features as a simple
measure of covalent character. Finally, the fourth function is
K(r), is defined as

KðrÞ ¼ � 1

4
N ∫dτ0 ½ψ� r2ψ þ ψ r2ψ��

¼ � 1

2
N ∫dτ0 ψ r2ψ

(1)

where ψ is the many-electron wave function (which is always
real in this work) and ∫dτ0denotes an integration over the spin
coordinates of all N electrons except one. Interpreting K(r) in
chemical terms is not straightforward although useful formulae
describing its link to the Laplacian and the more “classical”
kinetic energy G(r) can be found elsewhere [54].

2.3. Computational details (ab initio calculations
and statistics)

Our method, which has been coined quantum topological
molecular similarity (QTMS) essentially proposes a chemo-
metric analysis using QCT descriptors [55]. Many details of
an earlier version of this method have been published before
[56].

All molecules were geometry-optimised and their wave
functions computed at the HF/6-31G*//HF/6-31G* level of
theory [57] using the GAUSSIAN98 suite of programs [58].
Earlier work on other systems, carried out in our lab, made
us conclude that this level of theory is a good compromise
between speed and reliability. However, due to their size the
indole derivatives were optimised at a lower level, HF/3-
21G*//HF/3-21G*, which we deem the lowest pure ab initio
level of theory reliable enough for our purpose. The work
was carried out on a very small PC cluster (10 AMD Athlon
1.8 GHz/1Gb RAM nodes).

Subsequently the QCT program MORPHY98 [59] located
the BCPs in molecules and evaluated, at each BCP position,
the four functions described in the previous subsection. The
computation of the QCT descriptors only takes a very small
fraction of the CPU time required to obtain the optimised wave
functions. The computation of BCP properties should not be
confused with that of QCT’s atomic properties, which is indeed
expensive.

In the next stage, a PLS analysis [60], carried out by the
program SIMCA-P(61), fits the QCT descriptors to the activ-
ities. We adopted SIMCA-P’s predefined criterion for deter-
mining the significance of a latent variable (LV). If the q2 of
a newly constructed LV is less than 0.097, then that variable is
unimportant to the model and is discarded. No more LVs are
computed once this occurs and the PLS regression is com-
pleted. The PLS analysis yields four statistics to judge the qual-
ity and validity of the model. The first two statistics provide a
measure of the quality of the model and are the correlation
coefficient, r2, and the cross-validated correlation coefficient,
q2. The final two statistics obtained provide a safeguard against
the possibility that the model may have been obtained by
chance. This is referred to as a randomisation test. The activ-
ities (i.e. dependent variables) are repeatedly randomised, at
least 10 times, and a fresh PLS analysis is carried out for each
such data permutation. The dependent variable is randomly re-
ordered whilst the descriptor variables are left alone. Hence,
each set of descriptors is deliberately associated with the wrong
activity, with the intention of finding out if the descriptors fit
the activity “for the right reasons”. The subsequent PLS analy-
sis will produce new values of r2 and q2 and if these values are
lower than those of the original model it is likely that the re-
lationship was not obtained by chance. Each new r2 and q2

value (one for each permutation) is plotted against the absolute
value of the correlation coefficient between the original re-
sponse variable and its permutation. A line is then fitted
through the r2 values and another separate line through the q2

values. One then examines the intercept of each line, denoted
by r2(int) and q2(int). For a model to be valid it is recom-
mended [61] that r2(int) be lower than 0.4 and q2(int) lower
than 0.05. Note that it is perfectly possible that r2(int) and
q2(int) are negative.

In order to obtain a valid model it is sometimes necessary to
gradually reduce the number of LVs until the randomisation
test is passed. This is justified as there is no point in attempting
to interpret a model, even it does possess high values of r2 and
q2, if it has been obtained purely by chance.



Fig. 1. Numbered common skeleton for the set of imidazolines.
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In addition, we used a genetic algorithm to select the BCP
properties to include in the regression in order to optimise the
regression. For variable selection, the MATLAB genalg.m rou-
tine from the PLS_toolbox [62] was employed, using a popula-
tion size of 256, a mutation rate of 0.003, and a maximum
number of generations of 200. The fitness function was taken
as the q2 value from a PLS analysis performed on the dataset
using variables selected by the GA. The following abbrevia-
tions will be used for labelling the BCP properties selected
by the GA: rho (the value of the electron density), lap (the
value of the Laplacian of the density), ell (the value of the
ellipticity), and K (the value of the kinetic energy density).
Each property will be followed by the numerical labels of the
atoms which constitute the bond, e.g. if the GA selects variable
lap2_3, this means the value of the Laplacian at the BCP be-
tween atoms 2 and 3 (according to the provided numbering
schemes) has been chosen.

The restrictions on the datasets are the same as for typical
Hansch type QSARs, namely the dataset must be congeneric
(i.e. a common structural skeleton differing in only the substi-
tuents must be present), the mode of action for all the mole-
cules must be the same, and the dataset should be large enough
to avoid possible chance correlations being obtained between
the descriptors and activities.

2.4. Active site analysis

The program SIMCA offers a module that computes the
Variables Importance in the Projection (VIP) [60]. The VIP
values reflect the importance of terms in the PLS model with
respect to Y, i.e. its correlation to all responses, and with re-
spect to X. Variables with higher VIP scores are more relevant
in explaining the activity. VIP values are typically plotted as
histograms, which are shown in many Figures in this paper.
The X variables (here GA-selected QCT descriptors) with the
highest VIP values are associated with the active part of the
molecule. Ideally, the profile of the VIP histogram displays a
sharp decline after the first few variables with the highest VIP
values. In that case, the active site is well localised provided
the QCT descriptors are associated with a cluster of neighbour-
ing bonds. If the VIP profile drops off slowly then the active
site is poorly localised or diffuse. Note that the term “active
site” is commonly understood to refer to the binding cavity in
an enzyme but here it refers a highlighted zone in the ligand or
the molecule whose structure determines the activity.

Another problem is that this method can suffer from “con-
taminations” since sometimes variables with high VIP scores
cannot be related to the activity. For example, in an active site
analysis of a sizeable set of carboxylic acids [36] the highest
VIP value corresponds to the O–H bond. This is expected since
this bond breaks and reforms in the establishment of the equi-
librium of the acids with their respective ionic forms. The sec-
ond VIP value corresponds to the C-O bond in the carboxyl
group, which is again understandable given its proximity to
the OH bond. Curiously, the third VIP value is the meta CH
bond. It is difficult to reconcile this bond with the mechanism
for acid dissociation. We note that in their study on the identi-
fication of active molecular sites using quantum-self-similarity
measures Amat et al. [63] also detected unexpected fragments
correlating strongly with σ constants. These authors suggested
a possible explanation for this phenomenon based on Mezey’s
“holographic electron density theorem” [64].

3. Results and discussion

3.1. Dissociation of imidazolines

Table S1 of Annex A contains a list of substituted imidazo-
lines reported in a paper by Good et al. [65] and ultimately
adopted from the experimental work by Timmermans and
Zwieten [66]. The activity data refer to the pKa of the com-
pounds. Fig. 1 shows a representation of the common molecu-
lar skeleton. This class of molecules received much attention as
they are similar to clonidine, which is a very active hyperten-
sive drug. It was shown [67] that the dissociation constant of
clonidine analogues plays an important role for the activity.
Included in Table 2 are the results of the PLS analysis and
the observed versus predicted plot is given in Fig. 2. Electronic
effects are of crucial importance in determining the activity of
this dataset.

Using electrostatic potential and electric field similarity cal-
culations, Good et al. obtained an optimal cross-validated r2

value of 0.96. Excellent statistics were also found by Kim
and Martin [68] who performed a CoMFA analysis on the
set, producing an r2 value of 0.98 (the authors did not provide
a q2). It is gratifying to note that QTMS produces improved
statistics compared to both these methods (although all the
models are outstanding), and adds weight to the conjecture that
our approach favours datasets where electronic effects domi-
nate. The VIP plot for the BCP properties is given in Fig. 3.

In this set of compounds, QTMS highlights the exact region
one would expect to be important in determining the pKa va-
lues. For the imidazoline molecules, one would expect proto-
nation to occur on the basic nitrogen, atom 6 in Fig. 1, which is
the same region given priority in the VIP plot. There is a no-
ticeable drop in the VIP scores after the first 12 variables, and
out of these variables, five are associated with the two bonds
involving N6, namely C7–N6 and N6=C2. More precisely, five
out of the first six variables with the highest VIP scores are
associated with the basic nitrogen N6. For this set of com-
pounds, QTMS is able to produce excellent and validated re-



Table 2
Regression statistics for the PLS analysis of all data sets

no Molecules LVs r2 q2 r2(int) q2(int) Comment
1 Imidazolines 2 0.995 0.993 0.10 –0.18
2 Imidazoles 3 0.989 0.956 0.14 –0.25
3 Indoles 3 0.821 0.623 0.09 –0.15
4 Benzimidazoles 4 0.913 0.797 0.30 –0.13
5 Amides 2 0.761 0.596 0.06 –0.14 log P excluded

3 0.923 0.734 0.17 –0.16 log P included
6 Sulphonamides 2 0.910 0.891 0.07 –0.10
7 Chlorophenols 2 0.928 0.840 0.20 –0.16

Fig. 2. Observed versus predicted pKa values for the set of imidazolines.
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gressions, and highlights the portion of the molecule responsi-
ble for the observed activity.

3.2. Dissociation of imidazoles

Imidazole can be protonated due to the presence of a pair of
non-bonding electrons that are not involved in resonance. The
conjugate acid of imidazole has a pKa of 6.8 and exists in both
the protonated and unprotonated forms at physiological pH.
This is one of the reasons that histidine, an imidazole-contain-
ing amino acid, is an important catalyst in many biological
reactions. The cumbersome and time-consuming ways of ob-
taining pKa values experimentally mean that the ability to reli-
Fig. 3. VIP plot for the variables selected in th
ably predict pKa values is of considerable importance. Many
different approaches have been applied to the problem, most
notably CoMFA, which has achieved considerable success in
these kinds of applications [68]. Here we apply QTMS to a set
of 15 imidazole derivatives, the substituents of which are given
in Table S2. This set has been examined by Silverman and
Platt [69] in a comparative molecular moment analysis (CoM-
MA) study. This method attempted to correlate pKa with simi-
larity descriptors based on moments of the mass and charge
distribution of the molecules. Fig. 4 gives the common skele-
ton of the molecules in the dataset. The results of the PLS
analysis are displayed in Table 2. A plot of observed versus
calculated pKa values is given in Fig. 5.

It is clear from the regression statistics obtained that BCP
properties are capable of producing a model with an outstand-
ing goodness of fit and excellent predictive capabilities. The
results obtained are comparable with a CoMFA study per-
formed by Kim and Martin [68], who obtained a correlation
coefficient of 0.99 (the authors did not provide a cross-vali-
dated statistic), and improved compared to the results obtained
by Silverman and Platt, who obtained a maximum predictive
cross-validated r2 value of 0.772. This set has also been exam-
ined by Good et al. [65], who used PLS analysis with steric
and electrostatic similarity matrices for the compounds, yield-
ing a maximum q2 value of 0.91.

Turning our attention to the active site of the molecules, the
VIP values are given in Fig. 6. One would expect the area
surrounding atom N2 to be highlighted as being important
since this is the atom that is involved in protonation. However,
e PLS analysis of the set of imidazolines.



Fig. 4. Numbered common skeleton for the set of imidazoles.

Fig. 5. Observed versus predicted pKa values for the set of imidazoles.

Fig. 6. VIP plot for the variables selected in the PLS analysis of the set of
imidazoles.

Fig. 7. Numbered common skeleton for the set of indoles.

Fig. 8. Observed versus predicted pKi values for the set of indoles.
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bond properties involving this atom take only third, sixth and
seventh place in the histogram of Fig. 6. Given that only the
third one is significant, it is appropriate to admit that the VIP
plot is not able to highlight the place where the reaction site
occurs. Perhaps a series of protonated moieties need to be ana-
lysed, introducing a N2–H bond.

3.3. Inverse agonist activity of indole derivatives

In this example we investigate a set that was analysed [70]
earlier by an alternative quantum similarity measure. The set
consists of 23 indole derivatives, able to displace [3H] flunitra-
zepam from binding to bovine brain membrane. These deriva-
tives are known to bind to the benzodiazepine receptor and due
to the wide-spread employment of benzodiazepines in clinical
practice (sedatives, anxiety treatment and anticonvulsants) the
compounds are of substantial pharmacological interest [71].
Fig. 7 gives the common skeleton of the indole structure and
Table S3 contains the structure and activity data taken from
Ref. [72]. Here the activity is measured by pKi, where Ki is
the concentration necessary to produce 50% inhibition in an
assay with bovine brain membrane. Table 2 shows the regres-
sion results and Fig. 8 the observed versus predicted plot for
the activity.

This set of compounds has already been examined by Had-
jipavlou-Litina and Hansch using traditional descriptors [72].
Their main conclusion was that hydrophobic effects are unim-
portant for this dataset and that the decisive role in determining
activity is electronic in nature. The best model the authors ob-
tained consisted of the Hammett sigma parameter and two in-
dicator variables, yielding an r2 value of 0.81 (no value of q2

was provided). It should be noted that three compounds (2, 13
and 14) were excluded from this regression. In contrast, QTMS
produces a slightly better and validated r2 value (Table 2) sta-
tistic for the full set of derivatives. In another study [70] the
Carbó index was employed to model the activity of the indole
molecules. The researchers obtained comparable statistics to
ours, with an r2 = 0.761 and a q2 = 0.631, but again, three com-
pounds (1, 13 and 14) were excluded. When the same com-
pounds were excluded in a repeat QTMS analysis a model



Fig. 9. VIP plot for the variables selected in the PLS analysis of the set of indoles.

Fig. 11. Observed versus predicted pKi values for the set of benzimidazoles.
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was obtained with r2 = 0.855 and q2 = 0.743. In a follow-up to
this study [73], electron-electron repulsion energies were em-
ployed by the same group to obtain a model with r2 = 0.603
and q2 = 0.507, now including all 23 compounds. It is clear
that QTMS yields better predictions.

The VIP plot from the original QTMS study (featuring all
23 molecules) is given in Fig. 9. A pharmacophore model by
Cook and co-workers (Zhang et al. [74]) consists of the follow-
ing interaction sites: (i) a hydrogen bond acceptor site (indole’s
N10H13 group) (ii) a hydrogen bond donor site (C17=O18), (iii)
a “bifunctional” hydrogen bond donor/acceptor site (C15=O16),
and (iv) three lipophilic pockets (C21 methylene and near aryl
ring). In the VIP plot only two bonds stick out, C27X33 (where
X = H, O or Cl; see R2 substituents in Table S3) and C24C29,
both part of the aryl ring. It is tempting to link this highlighting
region with a hypothesis forwarded by Da Settimo et al. [71],
which is that recognition of the aryl moiety by a receptor sub-
site, “drives” the anchoring of the rest of the ligand structure.

3.4. Influenza virus inhibition of benzimidazoles

Tamm et al. [75] have reported the influenza virus inhibi-
tory activity for a series of alkylated benzimidazoles, the com-
mon structure of which is shown in Fig. 10. Table S4 lists the
substituents and the activity data, represented by the inhibition
constant, pKi. Table 2 contains the results of the PLS analysis
and Fig. 11 shows the observed versus predicted plot for the
activities.
Fig. 10. Numbered common skeleton for the set of benzimidazoles.
A satisfactory model is obtained for the dataset, although
the value of the r2 (int) statistic appears quite high. This is
probably due to the low ratio of compounds to latent variables,
although the model itself does pass the randomisation test and
can be accepted as valid. The VIP plot for the selected BCP
properties is given in Fig. 12.

This set of molecules has been studied by Hall et al. [76]
who modelled the inhibition activity using E-State indices.
Using the E-State value of C3 (see Fig. 10) and the averaged
E-State values of N2 and N4 as molecular descriptors, a model
with r2 = 0.91 was obtained. The authors conclude that substi-
tution on C3 is more important in determining the activity than
any other position, and that the five-membered ring plays a
significant role at the receptor. In terms of the region picked
out by QTMS, our results are in agreement with the E-State
investigation. Indeed, eight out of the 11 selected variables
(Fig. 12) are BCP properties associated with bonds in the
five-membered ring, with the top four VIP scores belonging
to BCP properties associated with this region of the molecule.

3.5. Inhibition of alcohol dehydrogenase by amides

Alcohol dehydrogenase (ADH) is a zinc-containing enzyme
that can oxidise a variety of alcohols to aldehydes or reduce



Fig. 12. VIP plot for the variables selected in the PLS analysis of the set of
benzimidazoles.

Fig. 14. Observed versus predicted log(1/K) values for the set of amides.
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aldehydes to alcohols, depending on the reaction conditions.
The mechanism of the enzyme has considerable medicinal in-
terest as a possible antidote to methanol poisoning, and has
also been studied to better understand the problem of alcohol-
ism. In an attempt to delineate the hydrophobic, electronic, and
steric roles of substituents in the interaction of the enzyme with
small molecules, a number of QSAR have been derived by
Hansch et al. [77] for the inhibition of ADH. In an effort to
investigate the suitability of QTMS in accounting for electronic
effects, a set of amide ADH inhibitors was studied. The struc-
tural and interaction constants are presented in Table S5 and
the common skeleton is given in Fig. 13.

In order to assess the ability of QTMS to act as an electronic
descriptor, and to compare our results with those of Hansch,
two QTMS analyses were performed: one where the log P va-
lues of the compounds were permitted to be selected by the GA
as descriptor variables, and a second analysis where log P was
excluded. The results of both PLS regressions are given in Ta-
ble 2, and the observed versus predicted plot for the analysis
with log P included is given in Fig. 14.

It is interesting to note that the GA selects log P when this
variable is included, and that inclusion of this parameter leads
to a significant improvement in the regression statistics. Hence
lipophilic effects play a part in the inhibition of the enzyme.
This conclusion is in agreement with that of Hansch, who
found electronic and lipophilic effects to be dominant in this
dataset, with negligible contributions from steric effects. Using
log P and the Hammett σ* constant, Hansch et al. produced an
equation with r2 = 0.738. This equation was only for 15 com-
pounds (owing to poor experimental data for compound 10 and
Fig. 13. Numbered common skeleton for the set of amides.
11), however, and when a repeat QTMS analysis was per-
formed for this number (using the same selected variables), a
validated model was obtained with r2 = 0.939, and q2 = 0.872.
These results are better compared to those obtained using the
classical parameters, and demonstrate that, in this case, not
only do BCP properties adequately model the electronic part
of the QSAR, but actually improve the results. It can also be
seen that the BCP properties can satisfactorily be used in con-
junction with other conventional descriptors.

The VIP plot for the variables is shown in Fig. 15. Hansch
et al. concluded from the negative sign of the σ* coefficient in
their regression equations that electron-releasing substituents
favour the inhibition. This information, combined with the neg-
ligible steric effects, led Hansch and co-workers to the conclu-
sion that it is the carbonyl group that is critical in binding the
molecule to the enzyme. The most important bond according to
the VIP plot, however, is the C-N bond adjacent to the carbo-
nyl group, although the Laplacian of the carbonyl bond is also
selected by the GA. The reason for this discrepancy is not clear
although our results remain qualitatively the same if the GA is
de-activated. Future work may involve a higher level of calcu-
lation, including electron correlation.
Fig. 15. VIP plot for the variables selected in the PLS analysis of the set of
amides.



Fig. 18. Observed versus predicted log(1/K) values for the set of
sulphonamides.
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3.6. Inhibition of carbonic anhydrase by sulphonamides

Carbonic anhydrase (CA) is a zinc-containing enzyme that
catalyses the hydration of CO2 to H2CO3. Inhibitors of CA,
particularly sulphonamide inhibitors, have attracted much inter-
est from medicinal chemists, mainly for their diuretic proper-
ties and ability to treat glaucoma. The set of sulphonamide de-
rivatives presented below have been studied via Hansch
analysis by Kakeya et al. [78], using classical hydrophobic
and electronic parameters. Owing to two very different com-
mon structures the set has been divided into two sets given in
Fig. 16a, b. The corresponding activities are given in Tables
S6a and S6b, respectively. The Ki symbol represents the CA
inhibition constant. It should be noted that compounds 17, 18,
and 19 (which are ortho-substituted) have been omitted from
our analysis in order compare our statistics with those of Ka-
keya et al., who also excluded the compounds from analysis.

In order to model both sets simultaneously, the SO2NH2

moiety common to both sets of molecules has been considered
separately and only BCP properties associated with bonds in
this fragment are included in the QTMS analysis. The common
skeleton for this group is given in Fig. 17. Table 2 contains the
results of the PLS analysis and Fig. 18 shows the observed
versus predicted plot for the activities.

Using a combination of classical descriptors, Kakeya et al.
obtained regression models with r2 values of 0.887 and 0.84,
respectively. These values were obtained using the lipophilicity
parameter, π, in combination with classical electronic para-
meters. The authors stated that combining the electronic para-
meters with lipophilic parameters produces more significant
correlation than either of these parameters separately, and so
despite our high correlations (Table 2) hydrophobicity is im-
portant for this dataset. Addition of the π parameter to our
PLS analysis produces an improved model with r2 = 0.943, and
q2 = 0.914. Since the addition of the hydrophobic effect im-
proves our statistics (Table 2) only marginally we infer that
the dominant factor is electronic in nature. This dataset again
Fig. 16. Numbered common skeleton for the (a) first and (b) second set of
sulphonamides.

Fig. 17. Numbered common skeleton for the common SO2NH2 fragment.
shows the ability of QTMS to model the electronic part of
QSARs in conjunction with other descriptors.

Due to the small number of variables selected by the GA the
VIP plot for the BCP properties is not given, although it should
be noted that according to the authors the electronic character
of the SO2NH2 group is crucial in determining how well bind-
ing occurs with the enzyme. Using only descriptors obtained
from BCP properties on this small fragment we are able to
reproduce the activities with a high degree of accuracy.

3.7. Toxicity of chlorophenols

A set of multi-substituted chlorophenol molecules have
been investigated by Argese et al. [79], using six molecular
descriptors chosen to represent lipophilic, electronic and steric
effects: the octanol-water partition coefficient, the Hammett
constant, the acid dissociation constant, the first-order valence
connectivity index (1χv), the perimeter of the efficacious sec-
tion (ΣD, a steric parameter calculated from the projection of
the molecule on the plane of the aromatic ring by summing the
distances between the substituents), and the melting point. In
this case the Hammett constants are represented by Σσ, which
are obtained by addition of the individual σ values (the ortho
positions are assumed to have the same value as the para posi-
tions). The toxicity of the compounds was determined by an in
vitro assay using mammalian submitochondrial particles [80].
Fig. 19 gives the common skeleton of the phenol molecules,
whilst the relevant structure and activity data are given in Table
S7. Here the activity, EC50, is the concentration of compound
required to inhibit the rate of reverse electron transfer in the
assay by 50%. Table 2 gives the results of the regression, and
an observed versus predicted plot for the toxicities is given in
Fig. 20.

Argese et al. performed separate linear regression analyses
for each of the descriptors they employed, and found the most
significant descriptors to be log P and Σσ. Using the sum of the
Hammett constants alone yielded an r2 of 0.829, and a q2 of
0.765. As a result the importance of the electronic state of the
chlorophenols to the toxicity is apparent, as well as the ability



Fig. 19. Numbered common skeleton of the set of chlorophenols.

Fig. 20. Observed versus predicted log(1/EC50) values for the set of
chlorophenols.

Fig. 21. VIP plot for the variables selected in the PLS analysis of the set of
chlorophenols.
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of QTMS to model such effects, producing significantly higher
regression statistics than the conventional electronic para-
meters. The most important descriptor, however, was found
to be log P, which alone produced an r2 value of 0.884, and a
q2 of 0.875. These statistics are much higher than for any of the
electronic variables, and highlights the importance of hydro-
phobic interactions in determining the toxicity of these mole-
cules. Argese and co-workers postulate that this probably mi-
mics the ability of the chlorophenols to partition into the lipid
bilayer of the mitochondrial membrane. Inclusion of log P into
the QTMS analysis as an extra descriptor (in conjunction with
the GA selected BCP properties) yields a model with r2

= 0.958, and q2 = 0.905. The statistics for this model are better
than any obtained using the other descriptors, and once again
show that the current descriptors can be used to complement
lipophilic parameters for datasets where hydrophobicity and
electronic effects are important. None of the steric parameters
calculated exhibit good correlations with the activity, and the
authors conclude that steric effects have a secondary role in
determining the toxicity. Fig. 21 shows the VIP plot for the
model obtained using the GA selected BCP properties with
log P, and demonstrates that the hydrophobic parameter is in-
deed the most successful descriptor.

4. Overall discussion and conclusion

Current computers can routinely generate geometry-opti-
mised ab initio wave functions of molecules of medicinal inter-
est. The chemical bonds in each congeneric set of molecules
are compactly described by properties defined by quantum che-
mical topology (QCT). These properties are called bond critical
point (BCP) properties and their computation time is marginal
compared to that of the wave functions. A subsequent chemo-
metric analysis combining partial least squares with a genetic
algorithm provides excellent and validated models for a range
of activities of medicinal interest. The method presented is
called quantum topological molecular similarity (QTMS). This
method can suggest regions of the molecule responsible for a
given activity. Ideally, this active region is well localised, but it
can turn out to be rather diffuse or “contaminated” with bonds
one would not associate with the activity.

Although it continues to be developed and tested, QTMS
has so far delivered more than two dozen of successful QSAR
models for a wide variety of activities, culminating in the pre-
sent study. From this work it emerged that QTMS captures the
electronic effects but not the hydrophobicity nor the steric ef-
fects. However, the QTMS descriptors can of course be com-
bined by the latter two types of descriptors, when obtained
from other sources. In spite of this limitation, QTMS is an
economic alternative to quantum similarity methods based on
the Carbó index [81–83]. In the current method there is no
need to superimpose full electron densities; it suffices to ex-
press each molecule as a QCT “quantum fingerprint” and apply
a supervised algorithm to create a model. This raises the ques-
tion to what extent QTMS is a 3D QSAR method. QTMS does
sample electronic information from a specific 3D geometry but
does not involve a superposition. The optimised geometries are
local minima on the potential energy surface of the molecule.
There is no guarantee or need for this minimum to be a global
one. Neither have we systematically explored what the influ-
ence of conformational change is on BCP properties. However,
preliminary work indicates that conformational changes in the
molecule, given a fixed substituent, have a much smaller effect
on BCP properties than a change in substituent. Also, in the
case of the phenylbutenones a conformational study at a higher
level of theory [84] showed that the active site remains unal-
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tered to what was established in our original study [33]. Cer-
tainly, future work can systematically explore the issue of con-
formational flexibility, for example, in applications where sub-
stituents are not varied or where they induce only very small
electronic changes (i.e. by being very similar or remote to the
active site). In that case, each conformation could be regarded
as a separate molecule, and subtle changes in the BCP proper-
ties (upon conformational change) could be observed and re-
lated to a measured activity.

The case studies presented here all assume that bonds be-
tween molecules of the same set can be matched on a one-to-
one basis. This is a weak requirement given the ease with
which common molecular skeletons can be identified. It is pos-
sible, in principle, to relax the common skeleton requirement
totally and compare the QCT descriptors of very different mo-
lecular fragments. This more general approach is close to the
idea of molecular similarity, hence the name QTMS. We point
out that QCT also defines atomic properties, such as atomic
volumes, energies, populations, dipole moments and higher
multipole moments. Work is in progress (in a separate project)
to use these atomic properties as descriptors to pinpoint bio-
isosterism. In that context (work to be published later) there
is no need for a common molecular skeleton.

In this work we have not discussed the outcome with other
possible levels of theory but this question has been addressed
in other publications from this lab. The semi-empirical level
AM1 does not generate (meaningful) BCPs, if at all, due to
the absence of (atomic) cores in the molecular electron densi-
ties. As a result QCT descriptors cannot be drawn from this
type of calculation, unless the cores are artificially added in.
One could proceed with bond lengths only, as we have done
for many other QSARs, but sometimes poor results are ob-
tained because of inadequate parameterisation. A basic tenet
of this article is that non-parameterised descriptors are linked
and contrasted with activities of medicinal interest. This is why
we restricted the reported analysis to (non-empirical) ab initio
calculations (with the current basis sets). Using only a modest
basis set (HF/6-31G* and HF/3-21G*) the BCP descriptors
have been shown to compete with, and in many cases outper-
form, more conventional descriptors and 3D QSAR methods.

The objection that quantum chemists fall in the trap of “ex-
pensive ways of counting carbons” is sometimes expressed.
For example, log P values of compounds such as alcohols, ke-
tones and amides, each seen as a series with growing aliphatic
side chains, can be simply related to the number of methylene
groups. Obviously, there would be no need to compute accu-
rate electron densities (or wave functions) for such series of
molecules. In the sets presented here, no such trivial relation-
ship exists, and hence the use of more sophisticated methods is
warranted. The electrotopological method is such a method and
one has to admit that it is much faster than quantum chemical
calculations. However, the latter are real and fruitful attempts
at solving the Schrödinger equation and are therefore in a posi-
tion to link medicinal chemistry to an underlying physical rea-
lity. The trade-off between parsimony and veracity will remain
a matter of debate. Nevertheless, one cannot deny that present
day computing is so overwhelmingly abundant that avoiding
ubiquitous PC Linux clusters being partially idle is almost a
challenge. One may as well invest this computing time in clos-
ing the gap.
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